METHOD AND APPARATUS FOR TRAINING MODEL, AND
METHOD AND APPARATUS FOR GENERATING BIOMETRIC
IMAGE

[0001] This application claims the priority to Chinese Patent Application No.
2023115080652 filed with the China National Intellectual Property Administration on November 13,
2023 and entitled "METHOD AND APPARATUS FOR TRAINING MODEL, AND METHOD
AND APPARATUS FOR GENERATING BIOMETRIC IMAGE", which is incorporated herein in

its entirety by reference.

FIELD OF THE TECHNOLOGY

[0002] This application relates to the technical field of artificial intelligence, and in
particular, to a method and an apparatus for training a model, and a method and an apparatus for

generating a biometric image.

BACKGROUND OF THE DISCLOSURE

[0003] With the development of the artificial intelligence technology, the artificial
intelligence technology has been increasingly widely applied to various object identity
authentication scenarios. For example, based on the deep learning technology, by learning
representation of biometric features such as palm prints and human faces of objects, a model learns
distinguishable potential features, and analyzes the biometric features with a trained model for
identity information recognition. However, during the identity information recognition with the
deep learning technology, the deep learning model usually relies on a large batch of biometric
images, but the biometric images have strong privacy and security, resulting in lack of numerous
biometric images for model learning in the field of identity information recognition. In the related
art, to obtain sample biometric images of an identity information recognition model, a conventional
machine learning method is often referenced to model a few of existing sample biometric images
for generation. New sample biometric images can be generated by learning distributions and
features of the existing samples. However, in the related art, the method for generating the new
samples by directly learning the features of the existing samples often has poor representation

effects of biometric features, and generated biometric images have poor effectiveness.



SUMMARY

[0004] This application provides a method and an apparatus for training a model, a method
and an apparatus for generating a biometric image, a device, a storage medium, and a computer
program product, which can improve performance of an image generation model, further improve
representation accuracy of a biometric feature through the image generation model, and further

improve effectiveness of a generated biometric image.

[0005] In a first aspect, this application provides a method for training a model. The method
includes:
[0006] obtaining a first sample image, sample distribution data corresponding to the first

sample image, a second sample image, and a first preset signal, the first sample image being an
original biometric image of a first sample object, the second sample image being an original
biometric image of a second sample object, the sample distribution data representing a distribution
of biometric line features in the first sample image, and the first preset signal being a signal

conforming to a distribution of biometric texture features;
[0007] encoding the first sample image to obtain a first encoded feature;

[0008] inputting the first encoded feature and the sample distribution data into a
to-be-trained generation model, and performing biometric image generation to obtain a target
sample image, the target sample image being a realistic biometric image corresponding to the first

sample object;

[0009] obtaining a first object recognition result corresponding to the first sample image, a
second object recognition result corresponding to the second sample image, and a third object

recognition result corresponding to the target sample image;

[0010] determining a contrastive recognition loss based on the first object recognition result,
the second object recognition result, and the third object recognition result, the contrastive
recognition loss being configured for constraining consistency between same objects and a

difference between different objects;

[0011] determining a biometric texture loss based on the first encoded feature and the first

preset signal; and

[0012] training the to-be-trained generation model based on the contrastive recognition loss
and the biometric texture loss, to obtain an image generation model, the image generation model

being configured to generate a realistic biometric image of any object.



[0013] In another aspect, this application provides a method for generating a biometric

image. The method includes:

[0014] obtaining target distribution data corresponding to a target object and a second preset
signal, the target distribution data representing a distribution of biometric line features in an original
biometric image of the target object, and the second preset signal being a signal conforming to a

distribution of biometric texture features; and

[0015] inputting the target distribution data and the second preset signal into an image
generation model, and performing biometric image generation to obtain a target image, the target

image being a realistic biometric image corresponding to the target object; and

[0016] the image generation model being obtained by training a to-be-trained model based
on a contrastive recognition loss and a biometric texture loss, the contrastive recognition loss being
determined based on a first object recognition result corresponding to a first sample image, a second
object recognition result corresponding to a second sample image, and a third object recognition
result corresponding to a target sample image, and the contrastive recognition loss being configured
for constraining consistency between same objects and a difference between different objects; the
first sample image being an original biometric image of the first sample object, the second sample
image being an original biometric image of the second sample object, the target sample image being
obtained through biometric image generation by the to-be-trained generation model based on
sample distribution data and a first encoded feature obtained by encoding the first sample image,
and the sample distribution data representing a distribution of biometric line features in the first
sample image; and the biometric texture loss being determined based on the first encoded feature
and a first preset signal, and the first preset signal being a signal conforming to the distribution of

the biometric texture features.

[0017] In yet another aspect, an apparatus for training a model is provided. The apparatus
includes:
[0018] a first sample data obtaining module configured to obtain a first sample image,

sample distribution data corresponding to the first sample image, a second sample image, and a first
preset signal, the first sample image being an original biometric image of a first sample object, the
second sample image being an original biometric image of a second sample object, the sample
distribution data representing a distribution of biometric line features in the first sample image, and

the first preset signal being a signal conforming to a distribution of biometric texture features;



[0019] a first encoding module configured to encode the first sample image to obtain a first

encoded feature;

[0020] a first image generation module configured to input the first encoded feature and the
sample distribution data into a to-be-trained generation model, and perform biometric image
generation to obtain a target sample image, the target sample image being a realistic biometric

image corresponding to the first sample object;

[0021] a first object recognition module configured to obtain a first object recognition result
corresponding to the first sample image, a second object recognition result corresponding to the
second sample image, and a third object recognition result corresponding to the target sample

image;

[0022] a contrastive recognition loss determining module configured to determine a
contrastive recognition loss based on the first object recognition result, the second object
recognition result, and the third object recognition result, the contrastive recognition loss being
configured for constraining consistency between same objects and a difference between different

objects;

[0023] a biometric texture loss determining module configured to determine a biometric

texture loss based on the first encoded feature and the first preset signal; and

[0024] a model training module configured to train the to-be-trained generation model based
on the contrastive recognition loss and the biometric texture loss, to obtain an image generation
model, the image generation model being configured to generate a realistic biometric image of any

object.

[0025] In yet another aspect, an apparatus for generating a biometric image is provided. The

apparatus includes:

[0026] a data obtaining module configured to obtain target distribution data corresponding
to a target object and a second preset signal, the target distribution data representing a distribution
of biometric line features in an original biometric image of the target object, and the second preset

signal being a signal conforming to a distribution of biometric texture features; and

[0027] a second image generation module configured to input the target distribution data
and the second preset signal into an image generation model, and perform biometric image
generation to obtain a target image, the target image being a realistic biometric image corresponding

to the target object; and



[0028] the image generation model being obtained by training a to-be-trained model based
on a contrastive recognition loss and a biometric texture loss, the contrastive recognition loss being
determined based on a first object recognition result corresponding to a first sample image, a second
object recognition result corresponding to a second sample image, and a third object recognition
result corresponding to a target sample image, and the contrastive recognition loss being configured
for constraining consistency between same objects and a difference between different objects; the
first sample image being an original biometric image of the first sample object, the second sample
image being an original biometric image of the second sample object, the target sample image being
obtained through biometric image generation by the to-be-trained generation model based on
sample distribution data and a first encoded feature obtained by encoding the first sample image,
and the sample distribution data representing a distribution of biometric line features in the first
sample image; and the biometric texture loss being determined based on the first encoded feature
and a first preset signal, and the first preset signal being a signal conforming to the distribution of

the biometric texture features.

[0029] In yet another aspect, an electronic device is provided. The electronic device

includes: a processor; and
[0030] a memory configured to store a processor-executable instruction;

[0031] the processor being configured to execute the instruction, to implement any method

for training a model or any method for generating a biometric image described above.

[0032] In yet another aspect, a computer-readable storage medium is provided. An
instruction in the storage medium, when executed by a processor of an electronic device, causes the
electronic device to perform any method for training a model or any method for generating a

biometric image described above.

[0033] In still another aspect, a computer program product or a computer program is
provided. The computer program product or the computer program includes a computer instruction,
the computer instruction being stored in a computer-readable storage medium. A processor of a
computer device reads the computer instruction from the computer-readable storage medium, and
the processor executes the computer instruction, to cause the computer device to perform the
method for training a model and the method for generating a biometric image according to various

exemplary implementations described above.



[0034] The method and apparatus for training a model, the method and apparatus for
generating a biometric image, the device, the storage medium, and the computer program product

according to this application have the following technical effects:

[0035] In a model training process of generating the realistic biometric image of this
application, the original biometric image of the first sample object is encoded to obtain the first
encoded feature, and the biometric texture loss is determined based on the first encoded feature and
the first preset signal conforming to the distribution of the biometric texture features. In addition,
the first encoded feature and the sample distribution data representing the distribution of the
biometric line features corresponding to the first sample object are inputted into the to-be-trained
generation model, and the biometric image generation is performed, to obtain the realistic biometric
image corresponding to the first sample object. In combination with the first object recognition
result corresponding to the original biometric image of the first sample object, the second object
recognition result corresponding to the original biometric image of the second sample object, and
the third object recognition result corresponding to the realistic biometric image of the first sample
object, the contrastive recognition loss configured for constraining the consistency between the
same objects and the difference between different objects is determined. Then, the to-be-trained
generation model is trained based on the contrastive recognition loss and the biometric texture loss.
In this way, under a constraint of the biometric texture loss, the to-be-trained generation model can
learn the biometric line features of an object from the sample distribution data, and can further
master a capacity to learn texture features from a Gaussian distribution. Thus, the accuracy of the
biometric representation of the object through the image generation model obtained through training
can be improved. In addition, under a constraint of the contrastive recognition loss, the to-be-trained
generation model can also learn the consistency between the same objects and the difference
between different objects. The accuracy of the biometric representation through the image
generation model obtained through training can be better improved, and the performance of the
image generation model can be improved accordingly. Further, the representation accuracy of the
biometric feature can be better improved through the image generation model, and the effectiveness
of the realistic biometric image generated by the image generation model can be improved

accordingly.

BRIEF DESCRIPTION OF THE DRAWINGS

[0036] FIG. 1 is a schematic diagram of an application environment according to an

embodiment of this application.



[0037] FIG. 2 is a schematic flowchart of a method for training a model according to an

embodiment of this application.

[0038] FIG. 3 is a schematic flowchart of determining a contrastive recognition loss based
on a first object recognition result, a second object recognition result, and a third object recognition

result according to an embodiment of this application.

[0039] FIG. 4 is a schematic diagram of a model training process according to an exemplary
embodiment.
[0040] FIG. 5 is a schematic flowchart of a method for generating a biometric image

according to an embodiment of this application.

[0041] FIG. 6 is a schematic diagram of a biometric image generation process according to

an embodiment of this application.

[0042] FIG. 7 is a schematic structural diagram of an apparatus for training a model

according to an embodiment of this application.

[0043] FIG. 8 is a schematic structural diagram of an apparatus for generating a biometric

image according to an embodiment of this application.

[0044] FIG. 9 is a block diagram of an electronic device configured to generate a biometric

image according to an embodiment of this application.

[0045] FIG. 10 is a block diagram of an electronic device configured to train a model

according to an embodiment of this application.

DESCRIPTION OF EMBODIMENTS

[0046] Technical solutions in embodiments of this application will be described clearly and
completely below in conjunction with accompanying drawings in the embodiments of this
application. Apparently, the embodiments described are merely some embodiments rather than all
embodiments of this application. All other embodiments derived by those of ordinary skill in the art
from the embodiments of this application without creative efforts are to fall within the protection

scope of this application.

[0047] Terms such as "first" and "second" in the description, the claims, and the
accompanying drawings of this application are configured for distinguishing similar objects rather
than describing a specific sequence or a sequential order. Data used in this way can be interchanged
under appropriate circumstances, such that the embodiments of this application described herein can
be implemented in a sequence other than those illustrated or described herein. In addition, terms
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"non:

"comprise", "include", "have", "has", and their any variation are intended to cover non-exclusive
inclusions. For example, processes, methods, systems, products, or servers that include a series of
steps or units are not necessarily limited to those steps or units clearly listed, but can include other

steps or units not explicitly listed or inherent to these processes, methods, products, or devices.

[0048] In the embodiments of this application, the term "module" or "unit" refers to a
computer program or a part of the computer program having a predetermined function, works with
other related parts to achieve a predetermined target, and may be implemented in whole or in part
by using software, hardware (such as a processing circuit or a memory) or their combinations.
Similarly, a processor (or a plurality of processors or memories) may be configured to implement
one or more modules or units. Further, each module or unit may be a part of an entire module or

unit that includes a function of the module or unit.

[0049] Artificial intelligence technology is a comprehensive subject, and may include
pre-trained model technology, computer vision (CV) technology, machine learning/deep learning,
etc. A pre-trained model, also referred to as a large model and a basic model, may be widely used in
downstream tasks of artificial intelligence in all directions after fine-tuning. The computer vision
technology is science of study on how to make a machine "see", further refers to machine vision for
recognizing and measuring a target by using a camera and a computer, and further performs graphic
processing. The computer processes graphics into an image that is more suitable for human eyes to
observe or an instrument to detect after being transmitted to the instrument. The computer vision
technology usually includes image processing, image recognition, image semantic understanding,
image retrieval, etc. and biometric recognition technology such as face recognition and fingerprint

recognition.

[0050] The solution according to the embodiment of this application relates to the computer
vision technology, the deep learning, etc. in the artificial intelligence technology, and may
specifically relate to the biometric identification technology such as palm print recognition, face
recognition, and fingerprint recognition based on the computer vision technology, and biometric
image generation based on the deep learning, etc. The solution is specifically described through

embodiments as follows.

[0051] With reference to FIG. 1, FIG. 1 is a schematic diagram of an application
environment according to the embodiment of this application. This application environment may at

least include a server 100 and a terminal 200.

[0052] In an exemplary embodiment, the server 100 may be configured to train a model.

The server 100 may be an independent physical server, a server cluster or a distributed system
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composed of a plurality of physical servers, or a cloud server that provides a network computation

service.

[0053] In an exemplary embodiment, the terminal 200 may be configured to perform image
generation based on an image generation model. Specifically, the terminal 200 may include, but is
not limited to, a smartphone, a desktop computer, a tablet computer, a notebook computer, a smart
speaker, a digital assistant, an augmented reality (AR)/virtual reality (VR) device, a smart wearable
device, an in-vehicle terminal, a smart television, and another type of electronic devices. The
terminal may alternatively be software running on the electronic device, such as an application and
an applet. An operating system running on the electronic device in the embodiment of this

application may include, but is not limited to, Android system, IOS system, linux, and windows.

[0054] In addition, FIG. 1 shows merely the application environment of a method for
training a model and a method for generating a biometric image, and the embodiments of this

description are not limited to that described above.

[0055] In the embodiments of this description, the server 100 and the terminal 200 may be
directly or indirectly connected to each other through wired or wireless communication, which is

not limited herein by this application.

[0056] The method for training a model of this application will be described below. FIG. 2
is a schematic flowchart of the method for training a model according to the embodiment of this
application. The method may be applied to the electronic devices such as the server and the terminal.

Specifically, as shown in FIG. 2, the method may include the following operations:

[0057] S201: Obtain a first sample image, sample distribution data corresponding to the first

sample image, a second sample image, and a first preset signal.

[0058] In a specific embodiment, the first sample image may be an original biometric image
of the first sample object, the second sample image may be an original biometric image of the
second sample object, and the first sample object and the second sample object are different objects.
In some embodiments, the first sample object may include a plurality of objects, and
correspondingly, the first sample image may include an original biometric image of each of the
plurality of objects. The second sample object may include at least one object, and correspondingly,
the second sample image may include an original biometric image of each of the at least one object.
Each object in the first sample object corresponds to one object in the second sample object, and the
object, corresponding to any object in the first sample object, in the second sample object is

different from the any object in the first sample object. Specifically, the object may be a user or a



user account. Specifically, a biometric feature may be set in combination with actual application,

such as palm prints, fingerprints, and faces.

[0059] In a specific embodiment, the sample distribution data may represent a distribution
of biometric line features in the first sample image. The so-called biometric line feature refers to a
feature configured for indicating a biometric line, while the biometric line refers to a line that
outlines a shape or a contour of a creature (object). In some embodiments, the sample distribution
data may be a first Bezier curve image corresponding to the first sample image, and correspondingly,

the sample distribution data are obtained by a method as follows:

[0060] determine control points corresponding to the biometric line features in the first

sample image; and
[0061] generate the first Bezier curve image based on the control points.

[0062] In a specific embodiment, the first sample image may include at least one biometric
line feature, and each biometric line feature corresponds to one biometric line. In some

embodiments, with the biometric feature being the palm prints as an example, correspondingly, the
first Bezier curve image may include three main palm print lines and a plurality of secondary palm

print lines.

[0063] In a specific embodiment, the control points corresponding to each biometric line
feature may include a start point, an end point, and at least one intermediate control point of a
corresponding biometric line. Specifically, a number of the intermediate control points may be
determined by a type of the Bezier curve (such as a first-order Bezier curve, a second-order Bezier
curve, and a third-order Bezier curve), and the type of the Bezier curve may be set according to
actual application requirements. Further, in a process of generating the Bezier curve in combination
with the control points, an interpolation method may be combined to improve the Bezier curve, to

obtain the first Bezier curve image.

[0064] In the embodiment, by taking the Bezier curve as the sample distribution data
corresponding to the first sample object, the distribution of the biometric line features in the first
sample image can be effectively reflected. Then, in a subsequent process of generating the realistic
biometric image corresponding to the first sample object, an object identity can be identified in
combination with the distribution of the biometric line features of the object, and then accuracy of

the biometric image can be improved.

[0065] In a specific embodiment, the first preset signal may be a signal conforming to a

distribution of biometric texture features. In actual application, the distribution of the biometric
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texture (biometric muscle texture) features conforms to the Gaussian distribution, and

correspondingly, the first preset signal may be a random Gaussian distribution signal.
[0066] S203: Encode the first sample image to obtain a first encoded feature.

[0067] In specific implementation, the first sample image may be inputted into a pre-trained
encoder, and encoding is performed to obtain the first encoded feature, or the first sample image
may be inputted into a to-be-trained encoder, and encoding is performed to obtain the first encoded

feature.

[0068] In a specific embodiment, a specific structure of the to-be-trained encoder may be set
according to actual application. In some embodiments, the to-be-trained encoder may be composed
of three residual connection layers, and each residual connection layer is composed of a
convolutional layer, a batchnormalization layer and a rectifying linear units layer. The first encoded
feature may be the encoded feature of the first sample image (the feature after encoding on the first

sample image by the to-be-trained encoder).

[0069] S205: Input the first encoded feature and the sample distribution data into a
to-be-trained generation model, and perform biometric image generation to obtain a target sample

image.

[0070] In a specific embodiment, the target sample image may be a realistic biometric
image corresponding to the first sample object (namely the biometric image of the first sample

object generated by the to-be-trained generation model).

[0071] In a specific embodiment, a model structure of the to-be-trained generation model
may be set in combination with the actual application. In some embodiments, the to-be-trained
generation model may include the to-be-trained encoder and a to-be-trained decoder that are
connected to each other in sequence. Specifically, structures of the to-be-trained encoder and the

to-be-trained decoder may be set in combination with the actual application.

[0072] S207: Obtain a first object recognition result corresponding to the first sample image,
a second object recognition result corresponding to the second sample image, and a third object

recognition result corresponding to the target sample image.

[0073] In a specific implementation, the target sample image, the first sample image, and
the second sample image may be inputted into an object recognition model, and object recognition
is performed, to obtain the first object recognition result corresponding to the first sample image,
the second object recognition result corresponding to the second sample image, and the third object

recognition result corresponding to the target sample image.
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[0074] In a specific embodiment, the object recognition model may be a pre-trained model
configured to recognize the identity of the object. Specifically, the first object recognition result
may be an object recognition result corresponding to the first sample image, the second object
recognition result may be an object recognition result corresponding to the second sample image,
and the third object recognition result may be an object recognition result corresponding to the
target sample image. Specifically, the object recognition result may represent a probability that the

biometric feature in a corresponding image belongs to a corresponding object.

[0075] In a specific embodiment, the object recognition model may be pre-trained.

Correspondingly, the method may further include the following operations:

[0076] obtain a third sample image and a preset object tag corresponding to the third sample
image;
[0077] input the third sample image into a to-be-trained object recognition model, and

perform object recognition to obtain a fourth object recognition result corresponding to the third

sample image;

[0078] determine an object recognition loss according to the preset object tag and the fourth

object recognition result; and

[0079] perform, based on the object recognition loss, the backpropagation training on the

to-be-trained object recognition model, to obtain the object recognition model.

[0080] In a specific embodiment, the third sample image may be an original biometric
image of the third sample object. Specifically, the third sample object may include a plurality of
sample objects, and correspondingly, the third sample image may include an original biometric
image of each of the plurality of sample objects. The preset object tag corresponding to the third
sample image may include a preset object tag corresponding to each sample object. The preset
object tag may be configured for indicating an object to which the biometric feature in the third
sample image belongs. In some embodiments, a number of the plurality of sample objects is
assumed as N (namely N object categories), N being a positive integer. Correspondingly, each
preset object tag is a vector of 1*N, and each element in the vector of 1*N corresponds to one of the
plurality of sample objects. In the preset object tags corresponding to any sample object, the

element corresponding to the any sample object is 1, and the other elements are 0.

[0081] In a specific embodiment, the model structure of the to-be-trained object recognition

model may be set in combination with actual application, and the fourth object recognition result
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may represent a probability that the biometric feature in a corresponding image belongs to a

corresponding object.

[0082] In a specific embodiment, the preset object tag and the fourth object recognition
result may be substituted into a first preset loss function to determine the object recognition loss.
The object recognition loss may represent an object recognition performance of a current object
recognition to-be-trained model. Specifically, the first preset loss function may be set in
combination with actual application, such as arcface (a loss function based on an angle cosine) and

CosFace (a loss function based on cosine similarity).

[0083] In a specific embodiment, the operation of performing, based on the object
recognition loss, the backpropagation training on the to-be-trained object recognition model, to
obtain the object recognition model may include: update a model parameter in the to-be-trained
object recognition model in combination with a gradient descent method and the object recognition
loss, repeat, based on the to-be-trained object recognition model with the model parameter updated,
a first training iteration operation of inputting the third sample image into the to-be-trained object
recognition mode, performing the object recognition, to obtain the fourth object recognition result
corresponding to the third sample image, and updating the model parameter in the to-be-trained
object recognition model until a first preset convergence condition is satisfied, and take the
to-be-trained object recognition model when the first preset convergence condition is satisfied as a

trained object recognition model.

[0084] In a specific embodiment, satisfaction of the first preset convergence condition may
be set in combination with actual application, such as a number of first training iteration operations
performed reaching a preset number, and the object recognition loss less than a specified threshold,

which may be set in combination with the training speed and model accuracy requirements.

[0085] In the embodiment, by training the to-be-trained object recognition model in
combination with the original biometric image of the third sample object and the corresponding
preset object tag, the object recognition performance of the trained object recognition model can be
effectively guaranteed. Further, in the model training process, identity consistency of intra-class
objects and the identity difference of inter-class objects can be constrained in combination with the
object recognition model, and the effectiveness of the object biometric image generated by the

image generation model can be improved.

[0086] S209: Determine a contrastive recognition loss based on the first object recognition

result, the second object recognition result, and the third object recognition result.
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[0087] In a specific embodiment, the contrastive recognition loss is configured for

constraining consistency between same objects and a difference between different objects.

[0088] In a specific embodiment, as shown in FIG. 3, the operation of determining a
contrastive recognition loss based on the first object recognition result, the second object

recognition result, and the third object recognition result may include:

[0089] S2091: Determine negative sample association data according to the first object

recognition result and the second object recognition result;

[0090] S2093: Determine positive sample association data according to the first object

recognition result and the third object recognition result; and

[0091] S2095: Determine the contrastive recognition loss according to the negative sample

association data and the positive sample association data.

[0092] In a specific embodiment, the negative sample association data may represent a
degree of association between object recognition results corresponding to different objects. In some
embodiments, data that may reflect the degree of association between the first object recognition
result and the second object recognition result, such as a cosine similarity between the first object
recognition result and the second object recognition result, may be used as the negative sample

association data.

[0093] In a specific embodiment, the positive sample association data may represent a
degree of association between different object recognition results corresponding to the same objects.
In some embodiments, data that may reflect the degree of association between the first object
recognition result and the third object recognition result, such as a cosine similarity between the
first object recognition result and the third object recognition result, may be used as the positive

sample association data.

[0094] In a specific embodiment, the negative sample association data and the positive
sample association data may be substituted into a contrastive loss function to determine the
contrastive recognition loss. In a specific embodiment, the contrastive loss function may be as

follows:
Loss_dis=a*(1-pos_sim)+b*(neg sim)

[0095] In the formula, Loss_dis may be the contrastive recognition loss, pos_sim may be the
positive sample association data, neg_sim may be the negative sample association data, and A and B
may be preset weights. In some embodiments, in the model training process, a and b may

alternatively be adjusted in combination with the gradient descent method.
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[0096] In the embodiment, the negative sample association data are determined in
combination with the object recognition results corresponding to the original biometric images
belonging to two different objects, and the positive sample association data are determined in
combination with the object recognition results corresponding to the original biometric images and
the realistic biometric image belonging to the same object. Then, according to the negative sample
association data and the positive sample association data, the contrastive recognition loss
configured for the backpropagation training on the model is determined. In this way, the image
generation model can learn the consistency between the same objects and the difference between
different objects, and then the effectiveness of the realistic biometric image generated by the image

generation model can be greatly improved.

[0097] S211: Determine a biometric texture loss based on the first encoded feature and the

first preset signal.

[0098] In a specific embodiment, the first encoded feature and the first preset signal may be
substituted into a second preset loss function to determine the biometric texture loss. The biometric
texture loss may represent a difference between the first encoded feature and the first preset signal.
Specifically, the second preset loss function may be set in combination with actual application, such
as Kullback-Leibler loss function (KL, a measurement method for measuring a difference between

two probability distributions).

[0099] S213: Train the to-be-trained generation model based on the contrastive recognition

loss and the biometric texture loss, to obtain the image generation model.

[00100] In a specific embodiment, the image generation model may be a trained image
generation model, and the image generation model may be configured to generate a realistic

biometric image corresponding to any object.

[00101] In a specific implementation of operation S213, a target loss may be determined
according to the contrastive recognition loss and biometric texture loss, and then the
backpropagation training is performed on the to-be-trained generation model based on the target

loss, to obtain the image generation model.

[00102] Alternatively, in a case that the first encoded feature configured for determining the
biometric texture loss is generated by the to-be-trained encoder, the to-be-trained generation model
and the to-be-trained encoder may be jointly trained based on the contrastive recognition loss and

the biometric texture loss, to obtain the image generation model corresponding to the to-be-trained

generation model. The image generation model is a to-be-trained generation model after joint
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training. Through joint training, the to-be-trained encoder can learn the texture encoded feature
conforming to the Gaussian distribution under the constraint of the biometric texture loss, and
transmit the texture encoded feature conforming to the Gaussian distribution to the to-be-trained
generation model. In this way, the to-be-trained generation model can master a capacity to learn
texture features from the Gaussian distribution on the premise of learning the biometric line feature
of the object from the sample distribution data, and the accuracy of the representation of the
biometric feature of the object through the image generation model obtained through training can be

further improved.

[00103] In a specific embodiment, the operation of jointly training the to-be-trained
generation model and the to-be-trained encoder based on the contrastive recognition loss and the

biometric texture loss, to obtain the image generation model may include:

[00104] determine a target loss according to the contrastive recognition loss and the

biometric texture loss; and

[00105] perform, based on the target loss, backpropagation training on the to-be-trained

generation model and the to-be-trained encoder to obtain the image generation model.

[00106] In a specific embodiment, the contrastive recognition loss and the biometric texture
loss may be subjected to weighted sum to obtain the target loss. Specifically, respective weights of
the contrastive recognition loss and the biometric texture loss may be preset in combination with the
actual application requirements. In an exemplary model training process, the respective weights of
the contrastive recognition loss and the biometric texture loss may be adjusted in combination with

the gradient descent method.

[00107] In a specific embodiment, the operation of performing, based on the target loss,
backpropagation training on the to-be-trained generation model and the to-be-trained encoder to
obtain the image generation model may include: update a model parameter in the to-be-trained
generation model and an encoding parameter in the to-be-trained encoder in combination with the
gradient descent method and the target loss, repeat, based on the to-be-trained image generation
model with the model parameter update and the to-be-trained encoder with the encoding parameter
updated, a second training iteration operation of inputting the first sample image into the
to-be-trained encoder, performing encoding to obtain the first encoded feature, and updating the
model parameter in the to-be-trained generation model and the encoding parameter in the
to-be-trained encoder until a second preset convergence condition is satisfied, and take the
to-be-trained generation model when the second preset convergence condition is satisfied (namely

the to-be-trained generation model after joint training) as the trained image generation model.
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[00108] In a specific embodiment, for specific details of satisfying the second preset
convergence condition, reference can be made to the related details of satisfying the first preset

convergence condition, which is not repeated herein.

[00109] In combination with the target loss determined according to the contrastive
recognition loss and the biometric texture loss, the to-be-trained generation model and the
to-be-trained encoder are subjected to the backpropagation training, and then the to-be-trained
encoder can learn the texture encoded feature conforming to the Gaussian distribution. In the
training process, the texture encoded feature conforming to the Gaussian distribution is transmitted
to the to-be-trained generation model. In this way, the to-be-trained generation model can master a
capacity to learn texture features from the Gaussian distribution on the premise of learning the
biometric line feature of the object from the sample distribution data, and the accuracy of the
biometric representation of the object through the generation model can be further improved. In
addition, the image generation model can learn the consistency between the same objects and the
difference between different objects in combination with the contrastive recognition loss in the
target loss, and the effectiveness of the realistic biometric image generated by the image generation

model can be further improved.

[00110] In an exemplary embodiment, the operation of determining a biometric texture loss

based on the first encoded feature and the first preset signal may include:

[00111] input the first encoded feature into a to-be-trained dimension-reduction model, and

perform dimension reduction to obtain a second encoded feature; and

[00112] determine the biometric texture loss based on the second encoded feature and the

first preset signal.

[00113] Correspondingly, the operation of jointly training the to-be-trained generation model
and the to-be-trained encoder based on the contrastive recognition loss and the biometric texture

loss, to obtain the image generation model may include:

[00114] jointly train the to-be-trained generation model, the to-be-trained encoder, and the
to-be-trained dimension-reduction model based on the contrastive recognition loss and the

biometric texture loss, to obtain the image generation model.

[00115] In a specific embodiment, a model structure of the to-be-trained dimension-reduction
model may be set in combination with actual application, such as a fully connected layer. The
second encoded feature may be an encoded feature after dimension reduction of the first encoded

feature. Specifically, in the embodiment where the biometric texture loss is determined based on the
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first encoded feature and the first preset signal, the first preset signal consistent in dimension with
the first encoded feature may be generated. In some embodiments, in the embodiment where the
biometric texture loss is determined based on the second encoded feature and the first preset signal,

the first preset signal consistent in dimension with the second encoded feature may be generated.

[00116] In a specific embodiment, for specific details of determining the biometric texture
loss based on the second encoded feature and the first preset signal, reference can be made to
specific details of determining the biometric texture loss based on the first encoded feature and the

first preset signal, which is not repeated herein.

[00117] In a specific embodiment, for specific details of jointly training the to-be-trained
generation model, the to-be-trained encoder, and the to-be-trained dimension-reduction model based
on the contrastive recognition loss and the biometric texture loss, to obtain the image generation
model, reference can be made to specific details of jointly training the to-be-trained generation
model and the to-be-trained encoder based on the contrastive recognition loss and the biometric

texture loss, to obtain the image generation model, which is not repeated herein.

[00118] In the embodiment, the first encoded feature is subjected to dimension reduction, and
then the biometric texture loss is determined. The effectiveness of the encoded feature configured
for calculating the biometric texture loss can be improved, and learning the biometric texture
feature by the to-be-trained encoder can be further better constrained. Moreover, a feature
dimension of the corresponding encoded feature can be effectively reduced through the dimension
reduction. In this way, the feature dimension of the encoded feature configured for determining the
biometric texture loss can be reduced, an amount of data processing can be reduced, processing

resources can be saved, and efficiency of determining the biometric texture loss can be increased.

[00119] In a specific embodiment, with the biometric feature being the palm prints as an
example, as shown in FIG. 4, FIG. 4 is a schematic diagram of a model training process according
to an exemplary embodiment. Specifically, the first sample image (the original palm print image of
the first sample object) may be inputted into the to-be-trained encoder, encoding is performed to
obtain the first encoded feature. The first encoded feature and sample distribution data (the Bezier
curve image corresponding to the first sample object) may be inputted into the to-be-trained
generation model, and palm print image generation is performed, to obtain the target sample image
(the realistic palm print image corresponding to the first sample object). Specifically, the
to-be-trained generation model includes the to-be-trained encoder and the to-be-trained decoder.
After the first encoded feature and the Bezier curve image corresponding to the first sample object

are inputted into the to-be-trained encoder for being encoded, the encoded feature is inputted into
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the to-be-trained decoder for being decoded, to obtain the realistic palm print image corresponding
to the first sample object. The realistic palm print image corresponding to the first sample object,
the original palm print image of the first sample object, and an original palm print image of a
second sample object (the second sample image) are inputted into the object recognition model, and
object recognition is performed to obtain a first object recognition result, a second object
recognition result, and a third object recognition result. A contrastive recognition loss is determined
based on the first object recognition result, the second object recognition result, and the third object
recognition result. In addition, the first encoded feature is inputted into the to-be-trained
dimension-reduction model, and dimension reduction is performed to obtain a second encoded
feature. The biometric texture loss is determined based on the second encoded feature and the first
preset signal. The target loss is determined based on the contrastive recognition loss and the
biometric texture loss, and based on the target loss, the to-be-trained generation model, the
to-be-trained encoder, and the to-be-trained dimension-reduction model are jointly trained to obtain

the image generation model.

[00120] According to the technical solution provided by the embodiment of this description,
in a model training process of generating the realistic biometric image of this description, the
original biometric image of the first sample object is inputted into the to-be-trained encoder,
encoding is performed to obtain the first encoded feature, and the biometric texture loss is
determined based on the first encoded feature and the first preset signal conforming to the
distribution of the biometric texture features. In addition, the first encoded feature and the sample
distribution data representing the distribution of the biometric line features corresponding to the
first sample object are inputted into the to-be-trained generation model, and the biometric image
generation is performed, to obtain the realistic biometric image corresponding to the first sample
object. The realistic biometric image corresponding to the first sample object, the original biometric
image of the first sample object, and the original biometric image of the second sample object are
inputted into the object recognition model, and object recognition is performed to obtain the first
object recognition result corresponding to the original biometric image of the first sample object,
the second object recognition result corresponding to the original biometric image of the second
sample object, and the third object recognition result corresponding to the realistic biometric image
of the first sample object. The contrastive recognition loss configured for constraining the
consistency between the same objects and the difference between different objects is determined in
combination with the object recognition results. The to-be-trained generation model and the
to-be-trained encoder are jointly trained based on the contrastive recognition loss and the biometric

texture loss. In this way, under a constraint of the biometric texture loss, the to-be-trained encoder
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can learn the texture encoded feature conforming to the Gaussian distribution. In the training
process, the texture encoded feature conforming to the Gaussian distribution is transmitted to the
to-be-trained generation model. In this way, the to-be-trained generation model can master a
capacity to learn texture features from the Gaussian distribution on the premise of learning the
biometric line feature of the object from the sample distribution data, and the accuracy of the
biometric representation of the object through the generation model can be further improved. In
addition, under a constraint of the contrastive recognition loss, the image generation model can also
learn the consistency between the same objects and the difference between different objects. The
accuracy of the biometric representation can be better improved, and the effectiveness of the
realistic biometric image generated by the image generation model as well as the subsequent
recognition accuracy and effectiveness of the object recognition model trained based on the

generated realistic biometric image can be better improved accordingly.

[00121] The method for generating a biometric image of this application will be described
below. FIG. 5 is a schematic flowchart of the method for generating a biometric image according to
the embodiment of this application. The method may be applied to the electronic devices such as the
server and the terminal. Specifically, as shown in FIG. 5, the method may include the following

operations:

[00122] S501: Obtain target distribution data corresponding to a target object and a second

preset signal.

[00123] In a specific embodiment, the target object may be an object that is to generate a
realistic biometric image. The target distribution data may represent a distribution of biometric line
features in an original biometric image of the target object. In a specific embodiment, the target
distribution data are a second Bezier curve image corresponding to the target object, and the target

distribution data are obtained by a method as follows:

[00124] obtain an original image corresponding to the target object, the original image being

the original biometric image of the target object;

[00125] determine control points corresponding to biometric line features in the original
image; and

[00126] generate the second Bezier curve image based on the control points.

[00127] In a specific embodiment, for specific details of generating the second Bezier curve

image in combination with the original image (original biometric image) corresponding to the target
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object, reference can be made to specific details of generating the first Bezier curve image in

combination with the first sample image, which is not repeated herein.

[00128] In the embodiment, by taking the Bezier curve as the target distribution data
corresponding to the target object, the distribution of the biometric line features corresponding to
the target object can be effectively reflected. Then, in a subsequent process of generating the
realistic biometric image corresponding to the target object, an identity of the target object can be

identified in combination with the distribution of the biometric line features of the object.

[00129] In a specific embodiment, the second preset signal may be a signal conforming to the
distribution of biometric texture features. In actual application, the distribution of the biometric
texture (biometric muscle texture) features conforms to the Gaussian distribution, and

correspondingly, the second preset signal may be a random Gaussian distribution signal.

[00130] S503: Input the target distribution data and the second preset signal into an image

generation model, and perform biometric image generation to obtain a target image.

[00131] In a specific embodiment, the target image may be a realistic biometric image
corresponding to the target object. The image generation model is obtained by training a
to-be-trained model based on a contrastive recognition loss and a biometric texture loss, the
contrastive recognition loss is determined based on a first object recognition result corresponding to
a first sample image, a second object recognition result corresponding to a second sample image,
and a third object recognition result corresponding to a target sample image, and the contrastive
recognition loss is configured for constraining consistency between same objects and a difference
between different objects. The first sample image is an original biometric image of the first sample
object, the second sample image is an original biometric image of the second sample object, the
target sample image is obtained through biometric image generation by the to-be-trained generation
model based on sample distribution data and a first encoded feature obtained by encoding the first
sample image, and the sample distribution data represent a distribution of biometric line features in
the first sample image. The biometric texture loss is determined based on the first encoded feature
and a first preset signal, and the first preset signal is a signal conforming to the distribution of the

biometric texture features.

[00132] In a specific embodiment, for specific details of model training, reference can be

made to the related details described above, which is not repeated herein.

[00133] In a specific embodiment, after a large number of realistic biometric images are

generated based on the image generation model, the object recognition model in a corresponding
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scenario can be trained in combination with the large number of realistic biometric images, to better
train the object recognition model with better recognition effect, and further improve the object

recognition effect in a corresponding object recognition scenario.

[00134] In a specific embodiment, as shown in FIG. 6, FIG. 6 is a schematic diagram of a
biometric image generation process according to an embodiment of this application. Specifically,
the second preset signal and the target distribution data corresponding to the target object may be
inputted into the image generation model, and biometric image generation may be performed, to

obtain the target image (the realistic biometric image corresponding to the target object).

[00135] According to the technical solution provided by the embodiment of the description,
the second preset signal and the target distribution data corresponding to the target object are
inputted into the image generation model for image generation in the description. The image
generation model is obtained by training the to-be-trained generation model based on the
contrastive recognition loss and the biometric texture loss, such that the consistency between the
same objects and the differences between different objects can be learned on the premise of
effectively learning the biometric texture features and the biometric line features. The accuracy of
the biometric representation can be greatly improved, and the effectiveness of the realistic biometric
image generated by the image generation model as well as the subsequent recognition accuracy and
effectiveness of the object recognition model trained based on the generated realistic biometric

image can be better improved accordingly.

[00136] The embodiments of this application further provide an apparatus for training a

model. As shown in FIG. 7, the apparatus includes:

[00137] a first sample data obtaining module 710 configured to obtain a first sample image,
sample distribution data corresponding to the first sample image, a second sample image, and a first
preset signal, the first sample image being an original biometric image of a first sample object, the
second sample image being an original biometric image of a second sample object, the sample
distribution data representing a distribution of biometric line features in the first sample image, and

the first preset signal being a signal conforming to a distribution of biometric texture features;

[00138] a first encoding module 720 configured to encode the first sample image to obtain a

first encoded feature;

[00139] a first image generation module 730 configured to input the first encoded feature and

the sample distribution data into a to-be-trained generation model, and perform biometric image
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generation to obtain a target sample image, the target sample image being a realistic biometric

image corresponding to the first sample object;

[00140] a first object recognition module 740 configured to obtain a first object recognition
result corresponding to the first sample image, a second object recognition result corresponding to
the second sample image, and a third object recognition result corresponding to the target sample

image;

[00141] a contrastive recognition loss determining module 750 configured to determine a
contrastive recognition loss based on the first object recognition result, the second object
recognition result, and the third object recognition result, the contrastive recognition loss being
configured for constraining consistency between same objects and a difference between different

objects;

[00142] a biometric texture loss determining module 760 configured to determine a biometric

texture loss based on the first encoded feature and the first preset signal; and

[00143] a model training module 770 configured to train the to-be-trained generation model
based on the contrastive recognition loss and the biometric texture loss, to obtain an image
generation model, the image generation model being configured to generate a realistic biometric

image of any object.

[00144] In an exemplary embodiment, the contrastive recognition loss determining module
750 includes:
[00145] a negative sample association data determining unit configured to determine negative

sample association data according to the first object recognition result and the second object
recognition result, the negative sample association data representing a degree of association

between object recognition results corresponding to different objects;

[00146] a positive sample association data determining unit configured to determine positive
sample association data according to the first object recognition result and the third object
recognition result, the positive sample association data representing a degree of association between

different object recognition results corresponding to the same objects; and

[00147] a contrastive recognition loss determining unit configured to determine the
contrastive recognition loss according to the negative sample association data and the positive

sample association data.

23



[00148] In an exemplary embodiment, the first encoding module 720 is configured to encode
the first sample image to obtain a first encoded feature, and specifically configured to input the first

sample image into a to-be-trained encoder, and perform encoding to obtain the first encoded feature.

[00149] The model training module 770 is configured to train the to-be-trained generation
model based on the contrastive recognition loss and the biometric texture loss, to obtain an image
generation model, and specifically configured to jointly train the to-be-trained generation model and
the to-be-trained encoder based on the contrastive recognition loss and the biometric texture loss, to
obtain the image generation model, the image generation model being a to-be-trained generation

model after joint training.

[00150] In an exemplary embodiment, the biometric texture loss determining module 760
includes:
[00151] a dimension reduction unit configured to input the first encoded feature into a

to-be-trained dimension-reduction model, and perform dimension reduction to obtain a second

encoded feature; and

[00152] a biometric texture loss determining unit configured to determine a biometric texture

loss based on the second encoded feature and the first preset signal.

[00153] The model training module 770 is further configured to jointly train the to-be-trained
generation model, the to-be-trained encoder, and the to-be-trained dimension-reduction model based
on the contrastive recognition loss and the biometric texture loss, to obtain the image generation

model.

[00154] In an exemplary embodiment, the sample distribution data are a first Bezier curve
image corresponding to the first sample image, and correspondingly, the sample distribution data

are obtained through modules as follows:

[00155] a first control point determining module configured to determine control points

corresponding to the biometric line features in the first sample image; and

[00156] a first Bezier curve image generation module configured to generate the first Bezier

curve image based on the control points.
[00157] In an exemplary embodiment, the model training module 770 includes:

[00158] a target loss determining unit configured to determine a target loss according to the

contrastive recognition loss and the biometric texture loss; and
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[00159] a backpropagation training unit configured to perform, based on the target loss,
backpropagation training on the to-be-trained generation model and the to-be-trained encoder to

obtain the image generation model.

[00160] In an exemplary embodiment, the first object recognition module 740 is configured
to obtain a first object recognition result corresponding to the first sample image, a second object
recognition result corresponding to the second sample image, and a third object recognition result
corresponding to the target sample image, and specifically configured to input the target sample
image, the first sample image, and the second sample image into an object recognition model, and
perform object recognition to obtain the first object recognition result corresponding to the first
sample image, the second object recognition result corresponding to the second sample image, and

the third object recognition result corresponding to the target sample image.
[00161] In an exemplary embodiment, the apparatus further includes:

[00162] a first sample data obtaining module configured to obtain a third sample image and a
preset object tag corresponding to the third sample image, the third sample image being an original

biometric image of the third sample object;

[00163] a second object recognition module configured to input the third sample image into a
to-be-trained object recognition model, and perform object recognition to obtain a fourth object

recognition result corresponding to the third sample image;

[00164] an object recognition loss determining module configured to determine an object

recognition loss according to the preset object tag and the fourth object recognition result; and

[00165] a backpropagation training module configured to perform, based on the object
recognition loss, the backpropagation training on the to-be-trained object recognition model, to

obtain the object recognition model.

[00166] With respect to the apparatus in the embodiment described above, specific methods
by which the modules perform operations have been described in detail in the embodiments related

to the method, and are not described in detail herein.

[00167] The embodiments of this application further provide an apparatus for generating a

biometric image. As shown in FIG. 8, the apparatus includes:

[00168] a data obtaining module 810 configured to obtain target distribution data
corresponding to a target object and a second preset signal, the target distribution data representing
a distribution of biometric line features in an original biometric image of the target object, and the

second preset signal being a signal conforming to a distribution of biometric texture features; and
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[00169] a second image generation module 820 configured to input the target distribution
data and the second preset signal into an image generation model, and perform biometric image
generation to obtain a target image, the target image being a realistic biometric image corresponding

to the target object; and

[00170] the image generation model being obtained by training a to-be-trained model based
on a contrastive recognition loss and a biometric texture loss, the contrastive recognition loss being
determined based on a first object recognition result corresponding to a first sample image, a second
object recognition result corresponding to a second sample image, and a third object recognition
result corresponding to a target sample image, and the contrastive recognition loss being configured
for constraining consistency between same objects and a difference between different objects; the
first sample image being an original biometric image of the first sample object, the second sample
image being an original biometric image of the second sample object, the target sample image being
obtained through biometric image generation by the to-be-trained generation model based on
sample distribution data and a first encoded feature obtained by encoding the first sample image,
and the sample distribution data representing a distribution of biometric line features in the first
sample image; and the biometric texture loss being determined based on the first encoded feature
and a first preset signal, and the first preset signal being a signal conforming to the distribution of

the biometric texture features.

[00171] In an exemplary embodiment, the target distribution data are a second Bezier curve
image corresponding to the target object, and the target distribution data are obtained through

modules as follows:

[00172] an original image obtaining module configured to obtain an original image
corresponding to the target object, the original image being the original biometric image of the

target object;

[00173] a second control point determining module configured to determine control points

corresponding to biometric line features in the original image; and

[00174] a second Bezier curve image generation module configured to generate the second

Bezier curve image based on the control points.

[00175] With respect to the apparatus in the embodiment described above, specific methods
by which the modules perform operations have been described in detail in the embodiments related

to the method, and are not described in detail herein.

26



[00176] FIG. 9 is a block diagram of an electronic device configured to generate biometric
images according to the embodiment of this application. The electronic device may be a terminal,
and its internal structure diagram may be as shown in FIG. 9. The electronic device includes a
processor, a memory, a network interface, a display screen, and an input apparatus that are
connected through a system bus. The processor of the electronic device is configured to provide
computing and control capabilities. The memory of the electronic device includes a non-volatile
storage medium and an internal memory. The non-volatile storage medium stores an operating
system and a computer program. The internal memory provides an environment for running of the
operating system and the computer program in the non-volatile storage medium. The network
interface of the electronic device is configured to communicate with an external terminal through
networking. The computer program, when executed by the processor, implements the method for
generating a biometric image. The display screen of the electronic device may be a liquid crystal
display screen or an electronic ink display screen. The input apparatus of the electronic device may
be a touch layer covering the display screen, or may be a button, a trackball, or a touch pad arranged

on a shell of the electronic device, or may be an external keyboard, a touch pad, or a mouse.

[00177] FIG. 10 is a block diagram of an electronic device configured to train a model
according to the embodiment of this application. The electronic device may be a server and its
internal structure diagram may be as shown in FIG. 10. The electronic device includes a processor,
a memory, and a network interface that are connected through a system bus. The processor of the
electronic device is configured to provide computing and control capabilities. The memory of the
electronic device includes a non-volatile storage medium and an internal memory. The non-volatile
storage medium stores an operating system and a computer program. The internal memory provides
an environment for running of the operating system and the computer program in the non-volatile
storage medium. The network interface of the electronic device is configured to communicate with
an external terminal through networking. The computer program, when executed by the processor,

implements the method for training a model.

[00178] For those of ordinary skill in the art, the structure shown in FIG 9 or FIG. 10 is
merely a block diagram of some structures related to the solution of the present disclosure, and do
not constitute limitation to the electronic device to which the solution of the present disclosure is
applied. The specific electronic device may include more or less components than those shown in

the figure, or combine some components, or have different component arrangements.

[00179] In an exemplary embodiment, an electronic device is further provided. The electronic

device includes: a processor, and a memory configured to store a processor-executable instruction,
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the processor being configured to execute the instruction stored in the memory, to implement the
method for training a model or the method for generating a biometric image in the embodiments of

the present disclosure.

[00180] In an exemplary embodiment, a computer-readable storage medium is further
provided. An instruction in the storage medium, when executed by a processor of an electronic
device, causes the electronic device to perform the method for training a model or the method for

generating a biometric image in the embodiments of the present disclosure.

[00181] In an exemplary embodiment, a computer program product or a computer program is
further provided. The computer program product or the computer program includes a computer
instruction stored in a computer-readable storage medium. A processor of a computer device reads
the computer instruction from the computer-readable storage medium, and the processor executes
the computer instruction, to cause the computer device to perform the method for training a model
or the method for generating a biometric image according to various exemplary implementations

described above.

[00182] In a specific implementation of this application, when user-related data, such as
biometric images including palm print images, are applied to a specific product or technology in the
embodiments described above of this application, an approval or consent from the user is required,
and collection, use, and processing of relevant data need to comply with relevant laws, regulations

and standards of relevant countries and regions.

[00183] For those of ordinary skill in the art, all or some processes implementing the method
in the embodiment described above can be implemented by instructing related hardware by the
computer program. The computer program may be stored in a non-volatile computer-readable
storage medium, and the computer program, when executed, may include the processes of the
method embodiments described above. Any reference to the memory, the storage, the database, or
another medium used in the embodiments according to this application may include a non-volatile
memory and/or a volatile memory. The non-volatile memory may include a read-only memory
(ROM), a programmable ROM (PROM), an electrically programmable ROM (EPROM), an
electrically erasable programmable ROM (EEPROM), or a flash memory. The volatile memory may
include a random access memory (RAM) or an external cache memory. By way of illustration and
not limitation, the RAM is available in various forms, such as a static RAM (SRAM), a dynamic
RAM (DRAM), a synchronous DRAM (SDRAM), a double data rate SDRAM (DDRSDRAM), an
enhanced SDRAM (ESDRAM), a Synchlink DRAM (SLDRAM), a rambus direct RAM (RDRAM)),
a direct rambus dynamic RAM (DRDRAM), and a rambus dynamic RAM (RDRAM).
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[00184] Those of ordinary skill in the art will readily conceive of other implementation
solutions of the present disclosure after considering the description and implementing a disclosure
disclosed herein. This application is intended to cover any modification, use, or adaptive change of
the present disclosure. The modification, use, or adaptive change of this application follows general
principles of the present disclosure and includes common general knowledge or conventional
technical means in the technical field not disclosed in the present disclosure. The description and
the embodiments are merely exemplary, and a true scope and spirit of the present disclosure are

indicated by the claims.

[00185] The present disclosure is not limited to precise structures described above and shown
in the accompanying drawings, and various alterations and changes can be made without departing
from the scope of the present disclosure. The scope of the present disclosure is merely limited by

the appended claims.
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CLAIMS

What is claimed is:

1. A method for training a model, comprising:

obtaining a first sample image, sample distribution data corresponding to the first sample
image, a second sample image, and a first preset signal, the first sample image being an original
biometric image of a first sample object, the second sample image being an original biometric
image of a second sample object, the sample distribution data representing a distribution of
biometric line features in the first sample image, and the first preset signal being a signal

conforming to a distribution of biometric texture features;
encoding the first sample image to obtain a first encoded feature;

inputting the first encoded feature and the sample distribution data into a to-be-trained
generation model, and performing biometric image generation to obtain a target sample image, the

target sample image being a realistic biometric image corresponding to the first sample object;

obtaining a first object recognition result corresponding to the first sample image, a second
object recognition result corresponding to the second sample image, and a third object recognition

result corresponding to the target sample image;

determining a contrastive recognition loss based on the first object recognition result, the
second object recognition result, and the third object recognition result, the contrastive recognition
loss being configured for constraining consistency between same objects and a difference between

different objects;

determining a biometric texture loss based on the first encoded feature and the first preset

signal; and

training the to-be-trained generation model based on the contrastive recognition loss and the
biometric texture loss, to obtain an image generation model, the image generation model being

configured to generate a realistic biometric image of any object.

2. The method according to claim 1, wherein the determining a contrastive recognition loss
based on the first object recognition result, the second object recognition result, and the third object

recognition result comprises:

determining negative sample association data according to the first object recognition result
and the second object recognition result, the negative sample association data representing a degree

of association between object recognition results corresponding to different objects;
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determining positive sample association data according to the first object recognition result and
the third object recognition result, the positive sample association data representing a degree of

association between different object recognition results corresponding to the same objects; and

determining the contrastive recognition loss according to the negative sample association data

and the positive sample association data.

3. The method according to claim 1 or 2, wherein the encoding the first sample image to obtain
a first encoded feature comprises: inputting the first sample image into a to-be-trained encoder, and

performing encoding to obtain the first encoded feature; and

the training the to-be-trained generation model based on the contrastive recognition loss and
the biometric texture loss, to obtain an image generation model comprises: jointly training the
to-be-trained generation model and the to-be-trained encoder based on the contrastive recognition
loss and the biometric texture loss, to obtain the image generation model, the image generation

model being a to-be-trained generation model after joint training.

4. The method according to any one of claims 1 to 3, wherein the determining a biometric

texture loss based on the first encoded feature and the first preset signal comprises:

inputting the first encoded feature into a to-be-trained dimension-reduction model, and

performing dimension reduction to obtain a second encoded feature; and
determining the biometric texture loss based on the second encoded feature and the first preset
signal; and

the jointly training the to-be-trained generation model and the to-be-trained encoder based on
the contrastive recognition loss and the biometric texture loss, to obtain the image generation model

comprises:

jointly training the to-be-trained generation model, the to-be-trained encoder, and the
to-be-trained dimension-reduction model based on the contrastive recognition loss and the

biometric texture loss, to obtain the image generation model

5. The method according to any one of claims 1 to 4, wherein the sample distribution data are a
first Bezier curve image corresponding to the first sample image, and the sample distribution data is

obtained by a method as follows:

determining control points corresponding to the biometric line features in the first sample

image; and
generating the first Bezier curve image based on the control points.
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6. The method according to any one of claims 1 to 5, wherein the jointly training the
to-be-trained generation model and the to-be-trained encoder based on the contrastive recognition

loss and the biometric texture loss, to obtain the image generation model comprises:

determining a target loss according to the contrastive recognition loss and the biometric texture

loss; and

performing, based on the target loss, backpropagation training on the to-be-trained generation

model and the to-be-trained encoder to obtain the image generation model.

7. The method according to any one of claims 1 to 6, wherein the obtaining a first object
recognition result corresponding to the first sample image, a second object recognition result
corresponding to the second sample image, and a third object recognition result corresponding to

the target sample image comprises:

inputting the target sample image, the first sample image, and the second sample image into an
object recognition model, and performing object recognition to obtain the first object recognition
result corresponding to the first sample image, the second object recognition result corresponding to
the second sample image, and the third object recognition result corresponding to the target sample

image; wherein
the method further comprises:

obtaining a third sample image and a preset object tag corresponding to the third sample image,

the third sample image being an original biometric image of the third sample object;

inputting the third sample image into a to-be-trained object recognition model, and performing
object recognition to obtain a fourth object recognition result corresponding to the third sample

image;

determining an object recognition loss according to the preset object tag and the fourth object

recognition result; and

performing, based on the object recognition loss, the backpropagation training on the

to-be-trained object recognition model, to obtain the object recognition model.
8. A method for generating a biometric image, comprising:

obtaining target distribution data corresponding to a target object and a second preset signal,
the target distribution data representing a distribution of biometric line features in an original
biometric image of the target object, and the second preset signal being a signal conforming to a

distribution of biometric texture features; and
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inputting the target distribution data and the second preset signal into an image generation
model, and performing biometric image generation to obtain a target image, the target image being

a realistic biometric image corresponding to the target object; and

the image generation model being obtained by training a to-be-trained model based on a
contrastive recognition loss and a biometric texture loss, the contrastive recognition loss being
determined based on a first object recognition result corresponding to a first sample image, a second
object recognition result corresponding to a second sample image, and a third object recognition
result corresponding to a target sample image, and the contrastive recognition loss being configured
for constraining consistency between same objects and a difference between different objects; the
first sample image being an original biometric image of the first sample object, the second sample
image being an original biometric image of the second sample object, the target sample image being
obtained through biometric image generation by the to-be-trained generation model based on
sample distribution data and a first encoded feature obtained by encoding the first sample image,
and the sample distribution data representing a distribution of biometric line features in the first
sample image; and the biometric texture loss being determined based on the first encoded feature
and a first preset signal, and the first preset signal being a signal conforming to the distribution of

the biometric texture features.

9. The method according to claim 8, wherein the target distribution data are a second Bezier
curve image corresponding to the target object, and the target distribution data are obtained by a

method as follows:

obtaining an original image corresponding to the target object, the original image being the

original biometric image of the target object;
determining control points corresponding to biometric line features in the original image; and
generating the second Bezier curve image based on the control points.
10. An apparatus for training a model, comprising:

a first sample data obtaining module configured to obtain a first sample image, sample
distribution data corresponding to the first sample image, a second sample image, and a first preset
signal, the first sample image being an original biometric image of a first sample object, the second
sample image being an original biometric image of a second sample object, the sample distribution
data representing a distribution of biometric line features in the first sample image, and the first

preset signal being a signal conforming to a distribution of biometric texture features;

a first encoding module configured to encode the first sample image to obtain a first encoded
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feature;

a first image generation module configured to input the first encoded feature and the sample
distribution data into a to-be-trained generation model, and perform biometric image generation to
obtain a target sample image, the target sample image being a realistic biometric image

corresponding to the first sample object;

a first object recognition module configured to obtain a first object recognition result
corresponding to the first sample image, a second object recognition result corresponding to the
second sample image, and a third object recognition result corresponding to the target sample

image;

a contrastive recognition loss determining module configured to determine a contrastive
recognition loss based on the first object recognition result, the second object recognition result, and
the third object recognition result, the contrastive recognition loss being configured for constraining

consistency between same objects and a difference between different objects;

a biometric texture loss determining module configured to determine a biometric texture loss

based on the first encoded feature and the first preset signal; and

a model training module configured to train the to-be-trained generation model based on the
contrastive recognition loss and the biometric texture loss, to obtain an image generation model, the

image generation model being configured to generate a realistic biometric image of any object.
11. An apparatus for generating a biometric image, comprising:

a data obtaining module configured to obtain target distribution data corresponding to a target
object and a second preset signal, the target distribution data representing a distribution of biometric
line features in an original biometric image of the target object, and the second preset signal being a

signal conforming to a distribution of biometric texture features; and

a second image generation module configured to input the target distribution data and the
second preset signal into an image generation model, and perform biometric image generation to
obtain a target image, the target image being a realistic biometric image corresponding to the target

object; and

the image generation model being obtained by training a to-be-trained model based on a
contrastive recognition loss and a biometric texture loss, the contrastive recognition loss being
determined based on a first object recognition result corresponding to a first sample image, a second
object recognition result corresponding to a second sample image, and a third object recognition

result corresponding to a target sample image, and the contrastive recognition loss being configured
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for constraining consistency between same objects and a difference between different objects; the
first sample image being an original biometric image of the first sample object, the second sample
image being an original biometric image of the second sample object, the target sample image being
obtained through biometric image generation by the to-be-trained generation model based on
sample distribution data and a first encoded feature obtained by encoding the first sample image,
and the sample distribution data representing a distribution of biometric line features in the first
sample image; and the biometric texture loss being determined based on the first encoded feature
and a first preset signal, and the first preset signal being a signal conforming to the distribution of

the biometric texture features.
12. An electronic device, comprising:
a processor; and
a memory configured to store a processor-executable instruction;

the processor being configured to execute the instruction, to implement the method for training
a model according to any one of claims 1 to 7 or the method for generating a biometric image

according to either of claims 8 and 9.

13. A computer-readable storage medium, an instruction in the storage medium, when executed
by a processor of an electronic device, causing the electronic device to perform the method for
training a model according to any one of claims 1 to 7 or the method for generating a biometric

image according to either of claims 8 and 9.

14. A computer program product, comprising a computer instruction, the computer instruction
being stored in a computer-readable storage medium, a processor of a computer device reading the
computer instruction from the computer-readable storage medium, and the processor executing the
computer instruction, to cause the computer device to perform the method for training a model
according to any one of claims 1 to 7 or the method for generating a biometric image according to

either of claims 8 and 9.
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